Nowadays, FastSLAM filters are the most widely used methods to solve the Simultaneous Localization and Mapping (SLAM) problem. In general, these approaches can use complex matrix formulation for computing the particle weighting procedure, during the execution of the SLAM algorithm. In this paper, we describe a new particle weight strategy for the FastSLAM filter, which can maintain the generation of particles in its most simplified form. Thus, this approach tries to estimate the robot poses and build the environment map using a simple geometric formulation for executing the particle weighting procedure. This method is capable of reducing the processing time and keeping the accuracy of the robot pose. Both simulation and experimental results demonstrate the feasibility of the proposed approach at enabling a robotic vehicle to accomplish the mapping of an unknown environment and also navigate through it.
INTRODUCTION
In the past two decades, Simultaneous Localization and Mapping (SLAM) approaches have been widely employed due to, in part, the advances of sensors and electronic devices (Castellanos, 1999) , (Jessup, 2015) . Generally, SLAM is an approach in which mobile robots can build a feasible map of the environment and, at the same time, use this map for estimating its localization. Note that the pose of the robot is composed by information about its position and orientation (Dissanayake, 2001) .
The major goal of SLAM is finding a suitable representation of the environment, assuming that both the map and robot pose are unknown. In this situation, the vehicle must be able to move through the unexplored environment which is populated with obstacles. Since the vehicle has known motion and measurement models, the robot pose and obstacle locations can be suitably estimated by the SLAM algorithm (Montemerlo, 2003b) . For such, it is required the use of an appropriate sensory system for performing measurements of the relative location between the vehicle itself and obstacles (Brenneke, 2003) .
The main contribution of this works is to propose a direct approach to solve the particle weighting procedure of a FastSLAM filter, using a simple mathematical formulation. Normally, the traditional methods discussed in the literature involve complex matrix operation, which takes into account the measurements obtained at the current state and maintained by the map (Montemerlo, 2003a) .
In our proposal, we seek to reduce the complexity of the weighting process by a simple verification of the measured data. Several circles with different radius whose centers are defined by the raw measures are used to accomplish the comparison between the sensor data at each state of the filter and the raw measurements stored by each particle. Observe that the circles are employed because the 2D mapping are applied to produce the environment map.
Hence, if a measure obtained at a given state is within the circle then the matching occur, i.e., the probability (weight) of the particle is increased. Through this procedure, it is possible to define the best relationship between the processing time and accuracy of the contours of the map incurred during the environment mapping. This paper is organized as follows. In Section 2, we describe the general concepts involved in the problem. Section 3 discusses the probabilistic motion model used. Section 4 introduces the proposed weighting strategy to estimate the probability of each particle. Subsequently, in Section 5 is presented the obtained outcomes in both simulated and experimental trials. Finally, the conclusions and future work are presented in Section 6.
PRELIMINARIES

FastSLAM Filter Overview
In the mobile robotics literature, two FastSLAM filter approaches are addressed to solve the mapping and localization problems. These approaches are classified as FastSLAM 1.0 and 2.0. The essential difference between them is that the version 2.0 has a model of particle generation more complex than version 1.0 (due to the fact that this algorithm includes the measurements performed at each sampling stage) which results in a higher computational cost. Other major aspects of both FastSLAM algorithms are described in (Montemerlo, 2003a) , (Thrun, 2004) and (Montemerlo, 2003c) .
Actually, some recent works use an open-source algorithm based on Rao-Blackwellized Particle Filter (known as Gmapping) for creating 2D occupancy grid maps from laser scanner data and also to estimate the robot pose in a target environment (Santos, 2013) .
In this research, we use the FastSLAM 1.0 due to this approach allows to maintain the generation of particles in its most simplified form. The used Fast-SLAM algorithm is represented by 100 particles.
In general, the FastSLAM 1.0 is composed by four stages briefly described below:
1. Particle sampling: At this stage, the particles are sampled based on a specific Probability Density Function (PDF); 2. Particle weighting: Each sampled particle is weighted according to the current environmental measurements;
3. Map Update: The embedded map in the particles are updated using the measurements (generated by the sampling process) at each pose in the environment;
4. Particle Resampling: The particles are redistributed based on their weights. The goal is to keep only the set of particle associated with the greater weights (probabilities).
The FastSLAM filter can be used to deal with the noises resulting from the motion of the robot. These noises are generated through the kinematic motion model described in section 3 and are used to establish the new set of particles.
The measurements obtained from the current robot pose are processed by the filter to define the weight of each particle. This weight reflects the probability value related to each one of the particles. Note that the probability represents each hypothesis chosen by the algorithm (i.e., the quality of the pose representation). In this work, we propose a new particle weighting strategy (described in section 4) to determine the weight of each particle that composes the FastSLAM algorithm.
Mapping Representation
In this work, SLAM problem for medium-scale environments based on metric map representation is investigated. In our proposed solution, the location-based map (defined by a 2D occupancy grid) is used to build the map of the environment. This approach uses the position information of each feature in the environment to define the map. In practice, each cell of the map can assume three different representations: the cells previously investigated by the robot is denominated as free or occupied space and is represented by 0 or 1, respectively; and the cells that have not yet been verified by the robot is denominated as unknown space and is represented by 0.5.
Simulation and Experimental Context
This research was divided into two distinct phases: simulation evaluation and experimental validation. In the first stage, we conduct the evaluation trial by a simulation setup. This setup consist of a computer used to simultaneously run the SLAM algorithm (implemented in the Matlab), and also the dynamic model of the robot (KUKA youBot) and environment (implemented in the Virtual Robot Experimentation Platform -VREP). The interface between both software was performed using the Robot Operating System (ROS) network. In the second stage, the developed SLAM algorithm (implemented in Matlab) is validated using the real robot (KUKA youBot) equipped with a Laser Scanner (Hokuyo URG-04LX-UG01). The data exchange between the Matlab and the KUKA youBot is performed by the ROS Network. The experimental environment was equipped with four infrared camera. These cameras were used to detect the robot pose in relation to the global reference frame.
Both setups (Matlab/V-REP and Matlab/real robot) provide an easy-to-use interface that allow evaluating the FastSLAM algorithm in simulation, and then export the code (filter algorithm) to the actual robot for performing the final verification.
PROBABILISTIC MOTION MODELS
Let us consider a motion model given by (1) to estimate the robot pose at each instant of time (Thrun, 2005) . In this approach, we use the motion model based on velocity-based model which depends on the speed and time elapsed during the route (Thrun, 2005) .
where t is the discrete time to estimate the next state, x t−1 is the previous particle state (pose and map), u t is the command to move the robot and x t is the next particle state. Note that noises are considered during robot motions.
Velocity Motion Model
The amount of time to perform the commanded movement is fundamental to predict the robot displacement. In this approach, we estimate the probability of the next pose over a fixed interval of time.
Let u t be the robot control input composed by two different commands. v t is used to perform the linear movements and ω t is used to execute the angular movements. These parameters can be related as shown in (2).
The use of velocity-based model allows generating curved paths whereas the odometry-based models only produce simple linear or angular motions (this feature precludes the application of a planning trajectory algorithm) (Thrun, 2005) . In order to use the velocity motion models, it is necessary to define the noises relative to the linear and angular motions, and also the final orientation error at the pose.
PARTICLE WEIGHTING APPROACH
In this section, we present the proposed strategy for performing the particle weighting using the sensor data and raw measurements obtained from the environment. Initially, the set of particles is generated (particle sampling) using a Gaussian function.
Hence, the weighting process can be executed from the sampled particles. The Box-muller function also was tested in the algorithm. However, the Box-muller function has not presented good estimation. The particle weighting procedure is accomplished by a matching process which uses the raw measurements acquired at the current state to verify whether the measures (obtained by the robot sensor) are already stored in each one of the generated particles. Thus, if this condition is true, the weight of the particles increases. Otherwise, the weight is not changed and the measures (which have not been verified) are included to the raw measurements of the evaluated particle.
In this approach, the measures (acquired at the current state and also stored in the particles) are derived from the raw measurements. The raw measurements are obtained from the laser scanner (considering the particle bearing), and are represented by the X and Y coordinates in relation to the global reference frame. In practice, the raw measurements are considered to estimate the weight of the set of particles.
Let us consider that each one of the particles i = {1, ..., 100} generated at a specific state s can be defined as,
where α corresponds to the pose vector defined by x 1:s y 1:s θ 1:s T , ω is the vector used to keep the raw measurements obtained from the environment and γ refers to the local occupancy grid (metric map), which is defined by a matrix of 200 x 200. Note that the subscript (1 : s) of the pose vector corresponds to the set of measures of all observed states.
In this proposal, we consider that the local occupancy grid is composed by cells that have 10 cm of side length. All particles are composed by the same map representation, which are updated during the exploration process. This approach can be extended for large environments through the hybrid map scheme discussed in (Stachniss, 2006) .
Observe that the updating time (of the global map) is related to the size of the environment and the number of particles used at each state.
Let us consider that the robot moves from an initial pose to the next pose using the velocity-based motion model, and then executes the measurements using the laser scanner. The measurements are performed through a scanning of 180 degree at the pose. The obtained raw measures are used to accomplish the weighting procedure through the matching function.
The match function is used to select the most promising measures stored by the particles using the measurements (obtained by the laser scanner) at the current pose. The verification of this measures (for each particle i) is realized using a simple geometric formulation described in (4), which employs a set of circles whose centers are defined by the raw measures. Note that these circles can assume different radius values.
where j = {0, 1, 2, ..., N e } denotes the vector length and N e is the total number of elements of the vector ω (see (3)). m refers to the raw measures acquired from the laser scanner sensor, f (c, r) is the circle function that depends on the center c and radius r. In this work, the radius of the circle can be referred by radius matching.
The radius values were defined using the good accuracy of laser scanner measurements. The selected values for performing the matching procedures were 0.1, 1 and 2. Observe that r can be tuned to obtain the best relationship between the processing time and accuracy of the map contours.
Then, if ϑ = 1, the measure is within the circle and the matching occur. On the other hand, if ϑ = 0, the measure is out of the circle and the matching does not occur. Thus, the measures that receive ϑ = 0 are included in the vector (ω) of raw measurements of the evaluated particle. Note that the vector (ω) grows up with the time of exploration and with the use of small radius matching values.
The quantity of matching occurred in a specific particle i can be computed as follows:
where η i is the quantity of matching occurred in a particle i. The weight of each particle is calculated through the relation between the amount of matching occurred in the particle i and the total amount of matching of all particles of the filter. Let us define this procedure as follows:
where w i is the weight of the particle i and η is the total number of matching obtained by the particles of the fastSLAM filter.
After finishing the weighting process, the local occupancy grid map of the particles is updated, and then all promising hypotheses (resampling procedure) are used by new set of particles (that are generated at the next states).
EVALUATION AND DISCUSSION
In this section, we present the results obtained during the evaluation of the FastSLAM filter which employs the particle weighting strategy developed in section 4. The trials were divided into two distinct parts: simulation and experimental analysis. In both case, we use the same scenario, sensors and robot to conduct the trials. Note that the simulated and experimental environments were described in section 2.3.
Simulation Results
The aim of simulation trial is to demonstrate the evaluation of the particle weighting strategy in relation to the general aspects of the FastSLAM filter. In this section, we analyze the accuracy of the poses and built map, the number of the raw measures stored by the particles and the processing time of the filter. The simulation tests were performed using three different values for the matching radius -see (4). These parameters were adjusted to 0.1, 1 and 2 cm. The datasets obtained through 10 different trials were used to evaluate the FastSLAM algorithm. The box plot in Figure 1 illustrates the average errors and the average processing time distributions incurred by each one of the matching radius. Note that the average error refers to the difference between the pose estimated by the filter and the exact pose provided by the V-REP simulator, during the exploration process.
Figures 1(a)(b)(c) show that the obtained average pose error (X and Y coordinate and orientation) grows up with the increasing of the matching radius value. Observe that the smallest error occurs when is used the matching radius of 0.1 cm. Note that the accuracy of the map is related to the value of the matching radius selected by the user. Through the trial results, we observe that the use of matching radius equal to 1 cm provides a acceptable average error and, respectively, a good accuracy of the map for the navigation purpose. This condition is not observed for matching radius values greater than 1 cm. Table 1 presents the results obtained for the matching radius of 1 cm. Note that the average error presents (Table 1) small variation between the lower and upper values and also small standard deviation for the X and Y coordinate and orientation.
However, in Figure 1(d) , it can be seen that the average time processing for each pose has an opposite effect to the others shown in Figures 1(a)(b)(c) . This is due to the variation of the radius using in the matching process, defined by (4). Thus, it is possible assert that the time processing is reduced in function of the increasing of the matching radius, since the amount of stored measures by the particles at each pose is also reduced. Note that the higher average processing times occur when is used a radius of 0.1 cm. Figure 2 shows the average number of measurements accomplished at each pose and the average processing time to completion the build of the environment map. Observe that, the amount of measurements performed by the robot and the time required to execute the exploration are reduced according to the matching radius. These parameters have greater values when was used radius of 0.1 cm.
The choice of the appropriate radius matching must be done so that maximizes the accuracy of the estimated poses and minimizes the total processing time of the filter (cost of processing -overhead).
In Figure 2 , we can see that the most promising solution occurs when the radius is equal to 1 cm. Figure 3 illustrates the environment (with area of 100 m 2 ) used in simulation and the map built by the filter based on location-based approach (using radius of 1 cm to perform the weighting of the particle). Now, we are going to present the experimental results of the FastSLAM filter using the proposed par- ticle weighting process. The experimental trial was performed using the matching radius of 1 cm. This value was chosen based on evaluation of the simulation results.
Experimental Results
The aim of experimental trial was to demonstrate the feasibility of the particle weighting strategy in SLAM System. In order to evaluate the outcomes resulting from the exploration and mapping procedures, we carry out 10 experiments in an actual environment. Figure 4 shows the results obtained from one of the performed trials. These graphs display the relative error between the actual and estimated poses in the X and Y coordinates and orientation. Observe that the actual poses of the robot was obtained through the use of a motion capture system based on infrared cameras. Although the errors (for each pose) obtained from the actual experiments (around +/-3 cm for position and +/-0.12 degree for orientation) are higher than the acquired from the simulation, the real results remained within acceptable limits to execute the navigation by the environment.
The box plot in Figure 5 presents the comparison between the average errors for each pose. Figure 5(a) illustrates the average errors in X and Y coordinates while in Figure 5 (b) displays the errors produced by the orientation measurements. Note that the orientation error have similar mean values in both trials. However, the lower and upper values of the actual bearing errors are greater than the bearing error acquired by the simulations.
In respect to the average pose error (Figure5(a) ), we can assert that the difference of magnitude between the simulation and experimentation trials is caused by the motion noises generated by the actual robot.
The numerical values of the average error acquired from the experimental trials are summarized in Table 1 . Note that the experiments have a low standard deviation for all parameters. This situation indicates that the set of data are bunched up and close to the mean. In other words, at any time incurred during the experiments, the filter has not produced errors with outliers much larger than the general averages. From this data, we can say that the filter is capable of providing consistent results and also it is possible to assert that the filter has not diverged during its time operation. Figure 6 displays the map built from the real environment using the FastSLAM filter which uses the new approach to accomplish the weighting of the particles. In actual experiments, we use an environment setup with reduced dimensions in comparison to the simulated environment. It was necessary due to the restriction of range of the employed cameras system. 
CONCLUSIONS AND FUTURE WORKS
In this paper was presented a new particle weighting approach for FastSLAM filter which uses a simple geometric verification to determine the robot pose and build the environment map. From this method, the raw measures stored by the particles can be easily evaluated using the measurements obtained by the robot sensor. Moreover, this approach enables to implement several path planning techniques for the robot to autonomously execute the exploration of the environment. Future works in this research include applying optimization and artificial intelligence techniques for generation of the path planning and for merging multiple sensor data. Our goal is to investigate a metaheuristic method which is capable of producing the optimal paths to perform the SLAM and use a neural network to merge the kinect and laser scanner data. Thus, the system will be able to detect multi-sized objects present in the environment.
Other work alternatives include: a) the use of metaheuristics to define the value of the radius of the circle (matching phase); and b) evaluate the performance of the proposed filter in larger scale environments and then to compare the real and estimated maps.
